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Background and aim: Recently, the use of data science techniques in healthcare has been increased 

remarkably. Community detection as one the important methods of data science is utilized in the health 

domain.  

Methods: This paper detects disease areas based on combination of big data and graph mining methods on 

drug prescriptions. At first, network of prescription is designed, and Louvain algorithm is applied for 

community detection of 50000 Iranian prescriptions in 2014 gathered from the Iranian Health Insurance 

Organization. We use modularity metric for validation of the results and the experts’ opinion as the external 

validation of communities.  

Results: The outputs are consist of six communities. These communities are labeled based on experts’ opinion 

that present the disease fields. 

Conclusion: The Louvain algorithm has the ability to detect the major communities of the prescription 

database with an acceptable accuracy. We have proven that these communities present the disease fields. 

 

 

 

 

Introduction 

Big data is one of the important techniques in 

the area of healthcare, which has a growing 

presence in healthcare innovation.1 Many 

healthcare and medical operations can be 

supported by big data. Controlling diseases and 

managing health are two related 

operations.2 The volume of data generated in 

the field of health informatics has increased 

considerably and analyzing such huge data 

volume creates new opportunities for 

knowledge discovery.3 Source of big data in 

healthcare comes from four primary categories, 

namely Electronic Health Record (EHR), 

Medical Imaging Data, Unstructured Clinical 

Notes, and Genetic Data.4 EHR can be divide 
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into some classes such as laboratory results, 

billing data, medication records, and test 

details.5 In this paper, data lies into EHR 

category. 

Besides, Community detection plays an 

essential role in many fields such as sociology, 

biology and computer science.6 A community is 

regarded as a dense set of connected nodes, 

which are linked to other parts of graph 

sparsely.7 In other words, a community is 

comprised of groups of nodes which have more 

relations with each other rather external 

groups.8 The measure of modularity is one of 

the best criteria for evaluation of 

the communities' quality.9 Discovering high-

quality communities in the large scale 
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networks is regarded as a challenge in data 

mining approach.10 

In this study, community detection approach 

is applied in an innovative way of finding 

similar groups of prescriptions by using the co-

occurrence of prescriptions technique. One of 

the reasons for applying community detection 

in this paper is lack of informative features in 

prescription data set. This matter prevents us 

from using well-knows data mining methods. 

Use of parallel computing provided appropriate 

situations for dealing with large-scalability and 

complexity properties of the network. 

Furthermore, Louvain algorithm is 

implemented for finding the communities in 

this research owing to its acceptable time 

complexity of 𝑂(𝑛 log 𝑛). This provides an 

opportunity to analyze a sizeable amount of data 

for reaching more acceptable results. The 

Louvain algorithm proposed by Blondel et al. 

aims at maximizing the modularity metric. At 

first, this algorithm assumes that each node 

represents a community by itself. Afterward, 

iteratively, it considers every node with its 

adjacent nodes as a community. If the 

modularity increases by this consideration, it 

merges the node with its nearby nodes and 

continues this operation until no further 

improvement in modularity can happen.11 

Related Works 

Some papers in community detection of 

large scale/ big data networks and complex 

networks have focused on methods and 

algorithms. 

It is believed that dealing with large-scale 

graphs with billions of edges and nodes is 

changed into a challenging issue for big data 

researchers. Dabas et al. introduced hybrid 

method named random walk fast greedy for 

evaluation of large-scale graph in the field of 

community detection.12 The algorithm has been 

improved significantly compared with some 

existing algorithms such as betweenness, walk 

trap, leading eigenvector, and infomap. Finding 

community structure has been growing fast 

recently. As a central defect in existing 

algorithms of community detection, they ignore 

information topology. Chopade and 

Zhan suggested a more accurate method 

regarding information topology for community 

detection in large scale/big data 

networks.13 The proposed algorithm recovers 

communities successfully in real networks. 

Moreover, Chopade and Zhan introduced a 

novel game-theory approach for community 

detection in large-scale complex networks, 

which is applicable to networks. The scalability 

of this method enables it to partition a graph into 

dense communities in big data.14 Recently, 

an investigation in the field of overlapping 

community detection has grown tides of 

attentions. Overlapping community detection 

tries to discover communities of specific nodes, 

which are laid in multiple communities. 

Overlapping community detection faces with 

some limitations such as high computational 

complexity, high overlapped communities, low 

steadiness (diversity of solutions during the 

time) and unidentified nodes (disability to lie 

every node into communities). To solve such 

problems a new algorithm was proposed 

by Long. Experimental outputs 

indicate efficiency and accuracy of 

the proposed algorithm.15 Other studies have 

been investigated in the area of introducing 

algorithms for large-scale community 

detections.16–19 In this paper, in order to deal 

with complex and large-scale network, 

The Louvain algorithm20 is utilized in a parallel 

way which reduces computation 

time efficiently. 

 In the field of large network, network 

science, big data techniques such as Spark21,22 

and Hadoop23–25, were used extensively. 

Network science of large-scale networks has 

been investigated in many fields such as social 

networks26, airline networks21, anti-money 

laundering41, real-world mobile phone 

data27,  and  health28. For the first time, big 

data was introduced by Michael Cox and David 

Ellsworth about data visualization challenge in 

computer systems in 1997.29 Beginning of 2009 

is known as a revolutionary phase of big data 

analysis.30 Big data is explained by three main 

parameters, namely the amount of data 

(volume), type of data (variety) and the rate of 

data generation (velocity).31 Big data 

analysis provides novel insights in the health 

field for stakeholders such as advance 

personalized care, improving patient outcomes 

and avoid unessential costs.32 Big data usage 

has cut $300 million annually in the healthcare 

industry in the United States.33 Big data analytic 

methods have been used in many fields of 

health such as health 

services,34 biological discovery,35 medicine,36–

38  cancer,39,40 drug discovery41, and many other 
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fields. In addition to these areas, many methods 

and algorithms have been used in health Using 

big data technics and tools aim to gain more 

accurate results and with acceptable runtime 

complexity. This paper focuses on network 

science methods, especially community 

detection for knowledge discovery about 

relationships of prescriptions using big data 

techniques. 

Investigation of drug-drug interactions has 

been changed into a novel discovery tool, which 

can reveal drug action patterns. Udrescu et 

al. presented a graph-based approach for 

analyzing drug-drug interactions.42 Designed 

network included of 1141 nodes indicating 

drugs and interactions between drugs referring 

to the edges. The network comprised of 1688 

edges. The community detection method based 

on Girvan and Newman’s algorithm was 

conducted, ending up to nine communities. As 

a result, by the use of community detection in 

drug-drug network, drugs categories and 

relationships between drugs are disclosed. Most 

genes, proteins and 

other ingredients, conduct their duties in 

complex network actions and reactions. In order 

to discover biological information from 

interaction network, Chautard et al. presented a 

topological analysis based on protein-protein 

interaction network. The introduced method 

revealed some knowledge about functions of 

protein, metabolic signaling 

pathways, physiological procedures, 

the molecular foundation of some illnesses such 

as cancer and infectious diseases.43 

The combination of big data techniques and 

network science provides many opportunities 

for knowledge discovery. However, studies 

about the combination of big data and network 

science, especially community detection are in 

their early stages. The combination of big data 

and community detection has been studied in 

areas such as big social networks, airline 

networks, anti-money laundering, IoT and 

mobile phone data. In this study, a community 

detection based on big data has been utilized to 

knowledge discovery about the prescription.  

Methodology 

Knowledge discovery of medical prescriptions 

plays a vital role in the field of healthcare. 

Detection of disease areas is one of the exciting 

researches helping data scientists for analyzing 

prescriptions. The main goal of this paper is 

detection of disease areas by applying network 

science methods on Iranian prescriptions in 

2014 gathered from the Iranian Health 

Insurance Organization. Use of community 

detection in an innovative way is the base of the 

research. Indeed, in order to deal with leakage 

of informative fields and network sparsity, 

network science methods have been applied 

rather than standard data mining techniques. 

Data Selection 

At first, 50000 prescriptions were selected. 

Every row of the data represents a prescription 

consists of the prescription’s id, patient’s id, 

patient’s sex, patient’s age, drugs’ ids, and 

drugs names in every prescription. We start with 

selecting proper features of data for further 

investigations. Features we need for this study 

are prescription id, drugs’ ids, and drug names. 

Preprocess 

In the next step, we clean data from abnormal 

cells, meaning that if we have some extra 

characters in drug names, we remove those 

characters to get the data clean. For example, 

some cells of data have characters like “$” or 

“#” and we try to remove these and fetch 

informative data. The same thing happens for 

numeric values of prescription’s id and drug ids. 

To have reliable results, we use a strategy for 

null values. If prescription id is missing, as the 

primary key of data, we remove that specific 

prescription from data. In case of missing drug 

id in a prescription, we remove that drug from 

prescription and at last, if some drug names are 

missing, we try to refill drug name using drugs 

dictionary, obtained from the Food and Drug 

Administration (FDA), based on the presence of 

that drug’s id. 

By elaborating on drug dictionary, it has been 

revealed that in some cases, for some drugs with 

the same kind, there are two or more drug ids 

assigned to each of them. For instance, for 

“ACETAMINOPHEN CODEINE (500+8)” 

and “ACETAMINOPHEN CODEINE 300mg-

20mg” there were two different drug IDs 

assigned. Considering the fact that for a faster 

run time we do our processing only on drug IDs 

as a Long Scala type which is faster in 

processing in comparison to drug names as 

String data format and for final visualization 

and analysis we assign drug names to drug IDs 

using a drug dictionary. Therefore, we aimed at 

considering same drug types as one single drug. 

It goes without saying that in these cases, 
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medications with the same type but different 

dosage or different way of use have different 

usage in the case of the patient’s situation. 

Nevertheless, in this study considering these 

cases as same helps the final result. 

Community detection 

To analyze the data collected, we create a graph 

based on common medicines in each 

prescription. Every prescription is considered as 

a node in our network, and for every common 

medicine in two prescriptions, we create an 

edge between these two prescriptions using 

Spark framework functions mostly 

map, flatmap and reduce by help of the Scala 

programming language. By means of this 

method, the weight of every edge is the number 

of common medicines between two specific 

nodes. It is expected that each community 

detected, indicate groups of medicines 

presenting the particular disease area. Due to 

the large-scale nature of the graph, the graph 

was created in the Apache Spark environment, 

which uses parallel computing. At this step, the 

output graph had 50000 nodes and more than 

200 million edges. 

At the next step, we pass the output network to 

community detection algorithm aiming at 

finding prescriptions’ communities. In this 

study, we use the Louvain algorithm for 

detecting community structures of 

prescriptions. Blondel et al. introduced this 

popular greedy algorithm for community 

detection–the Louvain algorithm11, for the 

general case of weighted graphs. The Louvain 

algorithm starts by putting all vertices of a graph 

in distinct communities, one per vertex. It then 

sequentially sweeps over all vertices in the inner 

loop. For each vertex (i), the algorithm 

performs two calculations: (1) compute the 

modularity gain ΔQ when putting a vertex (i) in 

the community of any neighbor (j); (2) pick the 

neighbor (j) that yields the largest gain in ΔQ 

and join the corresponding community. This 

loop continues until no movement yields again. 

At the end of this phase, the Louvain algorithm 

obtains the first-level partitions. In the second 

step, these partitions become super vertices, and 

the algorithm reconstructs the graph by 

calculating the weight of edges between all 

super vertices. Two super vertices are 

connected if there is at least one edge between 

vertices of the corresponding partitions, in 

which case the weight of the edge between the 

two super vertices is the sum of the weights 

from all edges between their corresponding 

partitions at the lower level. These two steps of 

the algorithm are then repeated, yielding new 

hierarchical levels and super graphs. The 

algorithm stops when communities become 

stable and modularity metric gain no 

improvement. The Louvain algorithm typically 

converges very quickly, and it can identify 

communities in just a few iterations. 

For visualization of resulted communities, 

Gephi 9.0.2 is used. Every community is 

represented as a single graph. Node sizes are 

based on betweenness centrality. Betweenness 

centrality is generally regarded as a measure of 

others’ dependence on a given node, and 

therefore as a measure of the potential control 

of nodes,44 and for ease of experts labeling 

process, we execute Louvain algorithm another 

time on communities. As a result, nodes' color 

in every community presents a sub-community 

of nodes in that specific community. Figures 

 1-6 illustrate communities of disease and 

labeling of each created community is 

conducted based on experts' opinion. 

After running Louvain algorithm on the graph 

at first place, in experts point of view, there 

were some non-specialized drugs than had a 

significant impact on graph’s density and as a 

result, of community detection output. These 

drugs were widely used in prescriptions and 

with specialized drugs. However, they did not 

represent any specific type of disease. For 

instance, painkillers and antibiotics were used 

in large numbers. Moreover, considering the 

fact that non-specialized drugs add no 

information about specific diseases, we aimed 

at removing these drugs. In addition, nodes with 

high degree, called ‘hub’ in network science, 

are responsible for high density of graphs. 

Removing these nodes reduces graph density, 

and resultantly, this matter reduces number of 

edges between communities and makes the 

process of finding the community structures 

more accurate. Based on data gathered from 

Drug and Food Organization, which specifies 

all specialized and non-specialized drugs, we 

dismiss non-specialized drugs from every 

prescription and saved only 688 drug types. 

This leads our study to a better result owing 

to wide range of prescriptions includes lots of 

non-specialized drugs, which are existed in 

many prescriptions. In addition, removing these 
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drugs resulted in less graph density and higher 

modularity. 

At the end of increasing modularity section, 

only 20441 of 50000 prescriptions (nodes) with 

at least one specialized drug and 45078182 

common drugs in prescriptions (edges) 

remained. These steps resulted in a modularity 

measure of 0.53 and 57 communities were 

detected. However, only six communities 

consisted of more than 1000 nodes, and number 

of nodes in other communities was less than 

100. Therefore, for further investigations, we 

consider small communities as anomaly and 

focus on six major ones. 

Evaluation 

At the stage of community detection, after each 

time running this algorithm on data, we analyze 

if the result of modularity metric is acceptable, 

means that communities are detected well or 

not. Furthermore, at each iteration, we visualize 

communities and experts decide if prescriptions 

in every community are related enough to each 

other that they can put a specific label on every 

community or not. At each step, if results are 

not proper enough, we manipulate input data of 

Louvain algorithm to reach outputs that are 

more acceptable. Thus, based on our case, we 

try to reduce graph density by removing 

uninformative data. This can help the process of 

finding the communities, by removing some of 

the edges between these communities. 

Eliminating non-specialized medicines is an 

example of manipulating input data for Louvain 

algorithm. 

In contrary to the default execution of the 

Louvain, which is run sequentially, in this study 

the community detection algorithm was 

executed in a parallel way in Spark 

environment. Therefore, we did not expect high 

modularity results in comparison to sequential 

implementations of Louvain algorithm. 

However, in experts’ point of view, these 

communities were still interlinked together and 

they could not put specific labels on them. 

Therefore, in following section we discuss how 

we changed the input graph to achieve higher 

modularity and consequently more accurate 

communities. Stages of the research are shown 

in table1.  

 

Table 1 methodology requirements for community detection of prescriptions 

Stages Used methods Algorithm Tools 

Data Selection Map\Reduce - 

spark framework/ 

scala 2.12.4/  

scala IDE 4.5.0/ 

sbt 

Preprocess Map\Reduce\Filter - 

spark framework/ 

scala 2.12.4/ 

scala IDE 4.5.0/ 

sbt 

Network 

Science 

Analysis Community detection Louvain 

Spark GraphX/ 

scala IDE 4.5.0/ 

scala 2.12.4 

Visualization Betweenness centrality Force Atlas Gephi 0.9.2 

Evaluation 
Modularity modularity metric Louvain 

Spark Graph/ 

scala 2.12.4/ 

scala IDE 4.5.0 

Experts - - - 
 

 

 

 

Results  

Finally, six main communities were determined 

as a result of aforementioned methodology. 

Features of each community are shown in table 

2. Column ‘number of prescriptions’ indicates 

the number of prescriptions in each community 

and column ‘Density’ means the amount of 

internal correlation of each community. Indeed, 

http://jbe.tums.ac.ir/


http://jbe.tums.ac.ir 

 

Shirazi S et al.                                                                                                                                                    Vol 5 No 3 (2019) 

A New Application of Louvain Algorithm for Identifying Disease Fields 

188  
 

clusters with high density represent well 

development and maturity. 
 ‘Respiratory and urinary tract infections’ with 

6706 (35.16% of prescriptions) prescriptions 

has the most number of 

prescriptions ‘Infectious diseases and pain’ 

with 3858 (20.23% of prescriptions), 

‘Anaerobic infections, gastrointestinal 

infections and infections of women’ with 3603 

(18.89%), ‘allergic diseases and asthma’ with 

1273 (6.67%), ‘Depression’ with 1160 (6.08%) 

and ‘upper respiratory tract infections’ with 

1137 (5.96%) have included other common 

prescriptions, respectively. Besides, figure 1 up 

to figure 6, indicated related graphs. ‘Allergic 

diseases and asthma’ with density 0.444 has the 

most developed community. After that, ‘Upper 

respiratory tract infectious’ with 0.398, 

‘Depression’ with 0.283, ‘Anaerobic infections, 

gastrointestinal infections and infections of 

women’ with 0.073, ‘Infectious diseases and 

pain’ with 0.063 and ‘Respiratory and urinary 

tract infections’ with 0.022 are laid in other 

places, respectively.  
 
 

Table 2 Features of each community 

Row Community label 
number of 

prescriptions 

Density 

1 
Infectious diseases 

and pain 
3858 

0.063 

2 
Allergic diseases 

and asthma 
1273 

0.444 

3 Depression 1160 0.283 

4 

Anaerobic 

infections, 

gastrointestinal 

infections, and 

infections of 

women 

3603 

0.073 

5 
Upper respiratory 

tract infectious 
1137 

0.398 

6 

Respiratory and 

urinary tract 

infections 

6706 

0.022 

7 Total 19072 - 

 

 

This study focused on finding different 

communities from Iranian prescriptions in 2014 

gathered from the Iranian Health Insurance 

Organization. Fifty thousand prescriptions were 

analyzed based on big data and network science. 

The prescription-prescription network produced 

for community detection had an enormous 

amount of edges. As a matter of fact, one of the 

main restrictions on this paper was hardware 

limitations. This limitation for analyzing 

network with more than 200 millions of edges 

made us select only 50 thousand prescriptions 

for creating the prescription-prescription 

network. Moreover, using Louvain as a fast 

algorithm in spark framework with parallel 

computations made it possible to analyze 

a proper amount of prescriptions leading to 

more accurate results. Resultantly, six main 

communities were disclosed which have the 

most usage among the Iranian people, 

respectively.  
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Figure.1 The ‘Infectious diseases and pain’ community 

 

Figure.2 The ‘Allergic diseases and asthma’ community 
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Figure.3 The ‘Depression’ community 

 

 

Figure.4 The ‘Anaerobic infections, gastrointestinal infections and infections of women’ community 

 

http://jbe.tums.ac.ir/


http://jbe.tums.ac.ir 

 

Shirazi S et al.                                                                                                                                                    Vol 5 No 3 (2019) 

A New Application of Louvain Algorithm for Identifying Disease Fields 

191  
 

 

Figure.5 The ‘Upper respiratory tract infectious’ community 

 

 

Figure.6 The ‘Respiratory and urinary tract infections’ community 
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Conclusion 

Detecting and labeling diseases based on 

prescriptions presented in this paper. We have 

used community detection method for 

identifying groups of medicines that prescribe 

with each other by physicians. The reason for 

applying the community detection for this 

matter was lack of informative attributes in 

dataset preventing us from using well-known 

data mining approaches of clustering. The other 

purpose was the sparsity of data in which led us 

applying graph mining method instead of a data 

mining method. Furthermore, we have 

implemented the Louvain algorithm in this 

paper for detecting communities. Louvain is a 

popular greedy algorithm in case of weighted 

graphs. Due to its fast convergence properties, 

high modularity, and hierarchical partitioning, 

Louvain has been widely used in many 

fields.45 Our main reason for using this 

algorithm in this paper was its acceptable time 

complexity in comparing to other algorithms in 

this case. Moreover, our validation process 

consisted of modularity metric. On the other 

hand, since the modularity varies based on the 

type of data and context and there is no single 

right or wrong answer for the community 

detection process,46 we have used experts’ 

opinion as an external validation 

metric for obtaining more accurate results. 

The information provided in this paper has 

many applications in healthcare. One form is by 

assigning the disease label of prescriptions as 

claim data, each prescription presents a disease. 

With this extra information as a data source, 

scientists can investigate epidemiologic 

features of society like prevalence and 

incidence. Moreover, an example of this new 

data source could be investigating on cost of 

diseases in society. This information could also 

be in case of individuals level and 

measurements based on sex and age category of 

patients that could affect financial policies in 

healthcare-related organizations.  
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